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INTRODUCTION
Corporate social responsibility (CSR) has become a business model in recent decades that aims for the selfregulation of corporations, and integration of CSR into the core of business operations. CSR serves as a mechanism where a business monitors and ensures its active compliance with the law, demonstration of ethical standards, and observance of both local and international norms. There have been numerous definitions proposed in the literature of CSR (Holme and Watts, 2000; Frederick 2008; Aguinis, 2011) and most of them agree on and cover the core Along with the growth of CSR initiatives, the numbers of investors interested in "green investment" or "ethical investment" or "socially responsible investment" (SRI) is also gaining traction. In fact, these terms are normally used interchangeably, which refers to "the exercise of ethical and social criteria in the selection and management of investment portfolios, generally consisting of company shares" (Cowton, 1994) . SRI has grown significantly and reached a maturity level in recent years when it actually has become part of mainstream investments practice (Sparkes and Cowton, 2004) . Accordingly, as shown in Table 2 , most of the regions in the world showed increases in SRI assets managed relative to the total portfolio of investments. The biggest jump came from the combined assets of Australia and New Zealand. and different evaluation criteria favor different GARCH specifications.
In this paper, the authors focus on one specific aspect of GARCH and its extended models, their capacity to model long-memory dynamics in the volatility, which overcomes the inability to capture long-run positive dependence of the short-memory nature of previous GARCH models. This paper acknowledges this gap by utilizing more developed long-memory GARCH models (i.e., FIGARCH and HYGARCH) to examine the dynamics in returns and volatilities especially for CSR indices, hence, this work particularly focuses on applying different GARCH long-memory models to CSR indices, attempting to study their characteristics as well as to figure out which model performs the best in capturing and forecasting their dynamics.
This study aims to analyze properties of CSR indices related to their returns and volatilities. Particularly, this research focuses on the fractional integration process, which provides clues on the predictability of a particular time-series data (Cheung and Lai, 1995; Bollerslev and Mikkelsen, 1996) . The study is motivated by the dearth in literature of studies focusing on CSR indices applying long-memory models. The literature has been generous of studying stock indices while, as far as this paper is concerned, CSR indices have been neglected. This paper acknowledges the growing importance of CSR and SRI, and encourages investors to invest more in this kind of green investments.
This research contributes to the literature by expanding the SRI narrative and moving beyond the question of whether it is a gain or a loss when it comes to SRI investing through studying its time-series data characteristics.
The paper examines positive dependence in the returns and volatility of CSR indices from four different markets through the application of four relatively new fractional integration models, namely, ARFIMA, ARFIMA-GARCH, ARFIMA-FIGARCH, and ARFIMA-HYGARCH. This paper's contribution differs from previous studies through the following objectives: a) determine long-memory process in the time-series of CSR; b) look for differences in the characteristics of each market with regards to their short-, intermediate-, and long-memory processes; and lastly, c) challenge the efficient market hypothesis (EMH) of Fama (1970) which poses that stock prices fully reflect information available in the market, making it impossible for investors to earn excess returns by forecasting.
The study attempts to fill the gap in the SRI literature by examining the presence of high-order positive correlations among observations that suggests predictions on future of a CSR index returns is feasible. This topic, to the best of our knowledge, has never been addressed. Findings on the predictability properties of the returns and volatilities of CSR Indices have a huge potential in giving traders access to better investment strategies that may be able to exploit abnormal return opportunities and/or hedge themselves from potential risks inherent in the market.
This research provides a valuable knowledge together for SRI investors, which helps them understand better the behavior of CSR index in the long term for better trading decisions. The study can also help investors and fund managers in augmenting their knowledge on some of the technical aspects of CSR indices' time-series.
The paper is structured as follows. Section 1 introduces the paper. Section 2 reviews literature related to GARCH family of long-memory models. Section 3 explains more specific details of the data and methodology.
Section 4 shows all the findings together with the analyses and discussions. Finally, Section 5 concludes by summing up all the main findings, explaining implications, and showing some limitations of the study.
RELATED LITERATURE

CSR Initiatives and SRI Performance
In the early years, CSR was viewed to be ideal and only a voluntary behavior for corporations that are willing to protect the welfare of the society. Previous researches have been generous in examining whether there is a financial sacrifice in applying social screenings in selecting portfolio for investment by comparing the performance of SRI funds and conventional funds. Yet, limited attention has been paid in assisting these green investors to make better trading decisions through modelling and forecasting stock returns and volatilities by utilizing proper tools. Tong et al. (2016) confirmed that during the recent times, CSR has gained importance and appeared as a necessary dimension of business activities and it has been a critical issue for companies about how to effectively and strategically conduct CSR initiatives. Undoubtedly, one of the main reason is that CSR helps companies build and position their brand image in society as well as in the eyes of shareholders. Furthermore, Ioannou and Serafeim (2015) empirically proved that CSR disclosure helps increase the likelihood of being included in the Dow Jones Sustainable Index, which attracts more socially responsible investors.
The literature is also mixed when it comes to answering the question concerning whether there is a negative trade-off to firms who engage in CSR initiatives or for investors who adopt the SRI philosophy. Opponents of SRI argued that it is costly to have additional monitoring costs and lower portfolio diversification due to limited investment portfolio. For example, some studies found that excluding stocks from companies involving in sin industries such as alcohol, weapons, tobacco, gambling would result in financial loss since these companies are more likely to perform better than "nonsin" companies (Hong and Kacperczyk, 2009; Borgers et al., 2015) . Moreover, the study of Kruger (2015) suggested that stock prices exhibit negative reactions to positive CSR news occasionally. international stocks data set found that investors who aimed to achieve optimal portfolios with high social responsibility ratings had to deal with a lower expected returns.
However, a number of studies beg to differ. For example, Lean et al. (2015) examined a sample of 500 Europe SRI funds and 248 North American SRI funds (from January 2001 to December 2011) and showed that they outperformed conventional funds. Examining a European data set with ESG ratings, the work of Auer (2016) advocates this point by showing that eliminating unrated stocks provides higher performance than those from traditional portfolios. Furthermore, when applying ESG screens, though environmental and social selection neither provide excess nor loss, governance selection was found to generate additional value.
The study of De and Clayman (2014) also supported this result when suggesting that higher risk-adjusted return stocks usually belonged to high ESG rating group. Lastly, Fulton et al. (2012) found 89% of the reviewed studies agreed that high ESG firms outperform the market in the medium-or long-term.
Long-Memory Process Captured by GARCH Models
Though the improvement in the methods of Baillie et al. (1996) for the FIGARCH, and Davidson (2004) for the HYGARCH models have been proven to be useful in capturing the dynamics of stock volatilities, their application in examining the long-memory property of CSR indices is still very limited up to now. It is, nonetheless, necessary to recognize the importance to exploit GARCH models function in analyzing CSR indices as it may encourage SRI investors. The power of the long-memory process in modelling the returns' volatility had been empirically proven by previous researches. For instance, Chkili et al. (2014) suggested that commodity markets are best characterized by long-memory models like FIGARCH, FIAPARCH and HYGARCH than short-memory models like GARCH and IGARCH.
Additionally, in investigating the data of carbon, oil, natural gas and coal markets, Liu and Chen (2013) found that FIEC-HYGARCH model was able to capture the long-term volatility behavior in the indices' future returns.
Tang and Shieh (2006) also revealed that HYGARCH model outperformed other models in modeling the longmemory characteristic of the Nasdaq 100, S&P 500 and their futures prices. Moreover, the study of volatility in Chinese stock markets by Kang et al. (2010) in comparing different GARCH models found that FIGARCH was better equipped to capture the long-memory process in those indices' volatilities. In a more recent study, Malinda
and Chen (2016) found that ARFIMA-FIEGARCH has a better performance compared to ARFIMA-HYGARCH in modeling the long-memory dynamics and volatility asymmetry for unrenewable and renewable energy ETFs.
DATA AND METHODOLOGY
Data
This study uses CSR indices collected from the Thomson Reuters/S-Network ESG Best Practices Indices (TRSNESGI) 1 . The Thomson Reuters Corporate, in partnership with the global indices provider S-Network, provides a system of calculating CSR scores/ratings for more than 5,000 companies around the world. The CSR practices of these business organizations are evaluated and ranked in relation to environmental, social and corporate governance performance. The ratings are used for selecting companies to be included in the calculation of the relevant underlying indices from which the final CSR indices are derived from.
Daily closing prices are used to calculate returns for the 16 CSR indices that are under four categories regarding different regional markets, namely US Large Cap (largest capitalization US stocks), ex-US (developed markets except US), Europe and Emerging Markets. The inception dates are of the same period for the first three groups, which is January 2, 2008, however the emerging markets data starts from January 3, 2011 due to limited data availability; and ends until December 13, 2017.
Methodology
The computation of log returns of CSR indices are as follows:
where t m R , is the CSR index returns at a specific time-series period. This research uses ARFIMA and its joint model with other GARCH-type models, namely ARFIMA-GARCH, ARFIMA-FIGARCH and ARFIMA-HYGARCH to estimate the volatilities of indices. Their models are presented below.
ARFIMA
This Autogressive Fractionally Integrated Moving Average (ARFIMA) was proposed by Granger and Joyeux (1980) with the idea to allow the parameter d to be fractional. The model is defined as below:
in which d represents the fractional integration, L is the lag operator with real number, and is the innovation term or noise residual.
The fractional differencing lag operator is obtained in this extended equation:
In this model, if 0<d<5, there is a long memory effect for the stock returns; and when d = 0 a short memory process with the effect of a random shock decays geometrically is exhibited. Noted that when this parameter d = 1, there is the presence of a unit root process. In addition, Hsieh and Lin (2004) showed that there is an intermediate memory when -0.5<d<0, representing that the autocorrelation function decays slower than when it has a short memory. The time series is non-stationary when d≥0.5.
FIGARCH
It is commonly discussed in many literatures that there might be a long memory phenomenon in the timeseries data, especially for stocks' volatility. This indicates that if this feature exists, a positive or negative random external shock's effect will make the data react in the same way in the future, therefore, we can tell where it is going (up or down). Considering this factor, FIGARCH model was introduced by Baillie et al. (1996) to capture the long memory process. Different from an I(1) series with no mean reversion or an I(0) with a fast exponential rate of shock decay, this model proposes that a shock to an I(d) with 0<d<1 will decay at a slow hyperbolic rate (Tang and Shieh, 2006; Bentes, 2015) . With the fractional differencing parameter d in the range from zero to one, FIGARCH allows more flexibility for modeling the persistence of shocks to the conditional variance (Bentes, 2015) .
The FIGARCH (p,d,q) model is expressed as below:
Where is the error term or innovation term at time t.
The conditional variance is obtained as:
The fractional differencing factor is : = Where When 0 < d < 1, the series is considered to have long memory dynamics. A short memory process (a shock's effects decay geometrically) is interpreted when d = 0; and a unit root process is exhibited when d = 1.
HYGARCH
Davidson (2004) developed HYGARCH model as a generalization of FIGARCH. He argued that it shows a more genuine long-memory feature than FIGARCH in terms of hyperbolically decaying weights on the square of past shocks (Kwan et al., 2012) . The reason is that HYGARCH can overcome the drawback of FIGARCH which is described as "the unexpected behavior of the FIGARCH model may be due less to any inherent paradoxes than to the fact that the unit-amplitude restriction, appropriate to a model of levels, has been transplanted into a model of volatility'' (Davidson, 2004) . Comparing to IGARCH and FIGARCH, HYGARCH permits the existence of second moments at more extreme amplitudes (Kwan et al., 2012) .
The HYGARCH model is defined as:
when Provided d > 0:
When d = 1, the equation reduces to:
When d is not too large, this model will correspond closely to the case:
in which And (.) is the Riemann Zeta function. Noted that when 0 <d <1, the conditional variance could be considered to exhibit hyperbolic decaying memory (long memory). and lowest AIC of 2.717. The coefficient implies that the anti-persistence feature exists in the returns of this CSR index. This means that the dependencies among the observations of these CSR indices are weak in the long run.
FINDINGS AND DISCUSSIONS
Thus, a short-to medium-term trend reversal could be expected and that the initial data momentum may change sooner than expected. This finding is consistent with the earlier findings by Kang and Yoon (2007) and Diaz and Nguyen (2015) in studying the South Korean stock market and exchange-traded funds (ETFs), respectively. This paper suggests that portfolio managers holding these types of CSR indices should constantly rebalance their portfolio. It is further recommended to not include them as long-term investments, because their return structures are inherently unstable. This means that the FIGARCH and HYGARCH models can be treated in the same respect without using any other performance metrics. However, this study utilized the highest number of log-likelihood value to determine the best fitting model for the CSR indices.
This study shows that the combined models of ARFIMA-HYGARCH are the superior methods over ARFIMA, ARFIMA-GARCH and ARFIMA-FIGARCH in determining positive dependence among CSR indices. For example, TRSCEU of the European Markets CSR index, which is significant among the three volatility models of GARCH, FIGARCH and HYGARCH has the highest log-likelihood value in ARFIMA-HYGARCH models of -4171.421 compared to the -4172.534 of ARFIMA-FIGARCH, and -4191.597 of ARFIMA-GARCH. The power of the more advanced fractional integration model HYGARCH is consistent among the earlier findings of Tang and Shieh (2006) and Chikhi et al. (2012) where they also proved that HYGARCH performs better than other models in estimating long-memory dynamics of S&P500, Nasdaq100 and DowJones indices; and Korean exchange rate,
respectively.
This study also noticed that as the volatility model progresses from GARCH to FIGARCH to HYGARCH, the log-likelihood values consistently goes up. This shows that the iterations of the HYGARCH are superior over its fractional integration model predecessors. This feature in volatility suggests a presence of strong persistence and therefore, investors may earn more profits by keeping their investments in long term with proper forecasting tools.
Overall, the evidence of long-memory effect in CSR indices' volatilities is strong in all four market groups. This is not consistent with the EMH (Fama, 1970) because the study's findings suggest that the volatility has a predictable structure. This also means that price movements do not effectively reflect all the information in the market, thus, can still cause abnormal returns.
CONCLUSIONS AND LIMITATIONS
This study focused on identifying return and volatility characteristics of CSR indices using the four models of ARFIMA, ARFIMA-GARCH, ARFIMA-FIGARCH and ARFIMA-HYGARCH. This paper analyzed short-, medium-, and long-memory processes in the time-series of US Large Cap, Ex-US Developed, European and Emerging Markets. According to the results, intermediate memory property is evident in the returns of US Large Cap and European Markets CSR indices, which implies that the dependencies among the observations of these CSR indices are weak in the long run. This study advised that traders and portfolio should not hold these specific indices in the long haul for they have fluctuating return outcomes. One consistent finding of this paper was the consistent display of positive dependence in the volatilities of CSR indices, which implied strong volatility persistence in the long term. In line with this, this paper suggested that investors can use these predictable volatility structure to earn excess returns by increasing exposure to lower than average CSR volatility, and lessening exposure to higher than average volatility periods. Moreover, in comparing among these models, ARFIMA-HYGARCH consistently was the best fitting model to estimate long-memory effects in volatility with the highest log-likelihood values.
Given the above findings, the paper is not without its shortcomings. First, the relatively new long-memory model HYGARCH still has limited utilization in academic research, thus, creating a more solid discussion and connection with the previous literature is limited. Second, since most CSR indices are of recent inceptions, the short timeline restricted the paper in considering structural break tests. Lastly, this study only utilized the FIGARCH and HYGARCH models, it is suggested that future researches use other fractionally integrated models (i.e., FIAPARCH and FIEGARCH) in analysing CSR indices. Despite these limitations, the current study still has its own merits and has considerable contribution to the literature of SRI or impact investing. Investors may be able to make better decisions in their trading strategies, i.e. asset/portfolio allocation and optimization. The findings provide a means to manage risks by helping measure potential future losses from too much volatility with proper models developed using historical data.
